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SUMMARY
Accurate prediction of intravenous immunoglobulin (IVIG) resistance is crucial for the effective treatment of
Kawasaki disease(KD). This study aimed to develop a predictive model for IVIG resistance in patients with
Kawasaki disease and to identify the key predictors. The training set underwent cross-validation, andmodels
were constructed using six machine learning algorithms. Model performance was validated through cross-
validation, test set evaluation, and two external validation sets evaluation. The model constructed using
the random forest algorithm demonstrated the best overall performance among six models. The areas under
the receiver operating characteristic curve (AUCs) for 5-fold cross-validation, internal validation, and external
validations from Shaoxing and Quzhou were 0.711, 0.751, 0.827, and 0.735, respectively. According to the
Shapley additive explanation (SHAP) method, C-reactive protein-to-albumin ratio, prognostic nutritional in-
dex, and sex were identified as the most important predictors. Our model demonstrates strong predictive
capability for assessing IVIG resistance in Kawasaki disease patients.
INTRODUCTION

Kawasaki disease (KD) is an acute systemic vasculitis in young

children that affects medium-sized arteries, specifically the coro-

nary arteries.1 Coronary artery lesions (CALs), mainly comprising

coronary artery dilatations and coronary artery aneurysms, stand

as the predominant complications of KD.2,3 In developed coun-

tries, KD has emerged as a leading cause of acquired heart dis-

ease in children. High-dose intravenous immunoglobulin (IVIG)

treatment (2 g/kg) has been shown to effectively reduce the inci-

dence of CALs. However, approximately 10%–20% of affected

patients exhibit resistance to IVIG treatment.4,5 Extensive evi-

dence highlights a strong correlation between IVIG resistance

and the occurrenceofCAL.6–8 Recent studies indicate that admin-

istering corticosteroids in conjunction with standard-dose IVIG as

an initial treatment for children at high risk of IVIG resistance can

significantly decrease the incidence of coronary artery abnormal-

ities, thereby alleviating complications associated with Kawasaki

disease.9 Consequently, accurately identifying KD patients at

high risk of IVIG resistance is crucial for implementing early thera-
iScience 28, 112004, Ma
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peutic strategies, essential for preventing the development of

CALs in these individuals.

Previously, Egami,10 Kobayashi,11 and Sano12 developed three

distinct scoring systems for IVIG resistance based on characteris-

tics observed in the Japanese population. However, their efficacy

is largely restricted to the specific populations studied. Their appli-

cability to other populations, particularly non-Japanese cohorts, is

limited, likely due to demographic variability. As a result, various

regions have established regionally specific IVIG resistance

scoring systems. Lin et al. based on the variables included albu-

min, percentage of neutrophils, and positive lymphadenopathy

to establish a simple three-variable score to predict the IVIG unre-

sponsiveness for patients in Taiwan.13 Yang et al. construct a pre-

dictive tool for the efficacy of IVIG therapy in children with KD in

Beijing.14 Although both models were developed primarily based

on Han Chinese populations, their predictive performance was

poor when applied to the Chongqing region, which is also pre-

dominantly the same population. This difference in predictive per-

formance is likely not solely attributed to ethnic variations but may

also be caused by the potential flaws in the model construction

methodology,15 as the aforementioned predictive models were
rch 21, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
NC license (http://creativecommons.org/licenses/by-nc/4.0/).
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Figure 1. Study design

Abbreviations: KD, Kawasaki disease; IVIG, intravenous immunoglobulin.
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developed using logistic regression algorithms. Nevertheless,

traditional predictive models based on logistic regression often

face significant limitations, particularly when addressing nonlinear

relationships between input features and outcomes, or when ac-

counting for interactions among features.

One notable advantage of machine learning approaches is

their capacity to capture and analyze complex, nonlinear rela-

tionships among variables, resulting in more consistent and reli-

able predictions. Over the past decade, these algorithms have

been increasingly applied across diverse disciplines, gaining

particular traction in healthcare. Their ability to predict patient

outcomes with greater accuracy than conventional methods

has been demonstrated in numerous clinical contexts and dis-

ease states, establishing them as valuable tools in medical

research and practice. Recently, machine learning has also

shown considerable promise in assisting the diagnosis of

KD.16,17 Herein, this study aims to develop a machine learning-

based model for KD, and identify key predictors of IVIG resis-

tance based on the established model.

RESULTS

Demographic and clinical characteristics of patients
As shown in the flowchart of Figure 1, a total of 1,949 children,

including 244 cases of IVIG resistance (12.4%), were identified

from Wenzhou Hospital’s database and included in the machine

learning set. These children had complete data, received standard

IVIG treatment, and fulfilled the diagnostic criteria for complete

KD. The median age was 22.0 months (interquartile range: 12.0–

38.0 months), 1,238 cases (62.8%) were male, and 244 cases

(12.4%) were resistant to IVIG. The dataset was divided into

training and test sets in a 7:3 ratio according to time series.
2 iScience 28, 112004, March 21, 2025
Thus, 1,377 patients (160 with IVIG resistance, 11.6%) hospital-

ized between January 2008 and August 2019 were assigned to

the training set, while 592 patients (84 with IVIG resistance,

14.2%) admitted between September 2019 and October 2022

were used as the test set. Demographic and laboratory character-

istics were compared between the training and test sets to assess

baseline distribution (Table S1). The remaining 758 children were

excluded due to failure to meet the aforementioned criteria and

were designated as the excluded set. In order to assess the

impact on the study of the excluded set, we compared the demo-

graphic and laboratory characteristics of the excluded set and the

machine learning set. The results showed no difference in IVIG

resistance rates between the two sets (p = 0.105) (Table S2).

For external validation, 100 KD patients (5 with IVIG resis-

tance, 5.0%) from Shaoxing Hospital from March 2020 to June

2024 and 85KDpatients (5 with IVIG resistance, 5.9%) fromQuz-

houHospital fromFebruary 2017 toOctober 2023were included.

These are hereinafter referred to as the Shaoxing external set

and the Quzhou external set, respectively. We conducted pair-

wise comparisons of patient characteristics across the three

centers based on the selected features to identify potential dif-

ferences in the patient populations (Table S3). The IVIG resis-

tance rate in Wenzhou Hospital was numerically higher (12.3%)

than that of Shaoxing Hospital (5.0%) and Quzhou Hospital

(5.9%). However, statistical analysis revealed a significant differ-

ence only betweenWenzhou andShaoxing Hospitals (p = 0.027),

while no significant difference was observed between Wenzhou

and Quzhou Hospitals (p = 0.072).

We also compared the clinical features of IVIG-responsive and

IVIG-resistant patients across the three centers (Table S4) to

evaluate differences in treatment response. Consistent with ex-

pectations, IVIG-resistant patients exhibited elevated markers



Table 1. Comparison of six machine learning models in the 5-fold cross-validation

Model AUCa Sensitivitya Specificitya Accuracya

Random forest 0.711 (0.642–0.790) 0.631 (0.562–0.781) 0.713 (0.504–0.901) 0.703 (0.536–0.862)

XGBoost 0.704 (0.640–0.747) 0.713 (0.625–0.875) 0.612 (0.481–0.749) 0.624 (0.513–0.735)

Logistic regression 0.692 (0.611–0.796) 0.613 (0.500–0.688) 0.708 (0.605–0.831) 0.697 (0.611–0.796)

LGBM 0.683 (0.654–0.732) 0.550 (0.469–0.688) 0.779 (0.683–0.824) 0.752 (0.684–0.793)

SVM 0.662 (0.630–0.727) 0.575 (0.375–0.781) 0.728 (0.535–0.926) 0.710 (0.564–0.865)

CatBoost 0.704 (0.627–0.749) 0.694 (0.594–0.812) 0.677 (0.543–0.782) 0.679 (0.564–0.767)

AUC, area under the receiver operating characteristic curve; XGBoost, eXtreme gradient boosting; LGBM, light gradient boosting machine; SVM, sup-

port vector machine; CatBoost, categorical boosting.
aRange of 5-fold cross-validation results is indicated in parenthesis.
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associated with inflammation, while albumin (ALB), sodium (NA),

and prognostic nutritional index (PNI) levels, among other

markers negatively correlated with inflammation, were lower, re-

flecting amore severe inflammatory state. Themost pronounced

differences were observed at Wenzhou Hospital, where 18 of 22

variables showed significant differences between IVIG-respon-

sive and IVIG-resistant patients.

Model construction and evaluation
We constructed and validated the machine learning models as

described in the STAR Methods. The optimal hyperparameters

for each model during the 5-fold cross-validation are detailed

in Table S5. The results of each model’s performance during

cross-validation are recorded in Table 1. Among the six models,

the random forest model demonstrated the best performance

with an average area under the receiver operating characteristic

curve (AUC) of 0.711 (range: 0.642–0.790), followed by the

XGBoost (AUC = 0.704, range: 0.640–0.747) and CatBoost

models (AUC = 0.704, range: 0.627–0.749). The average AUCs

of the remaining models were below 0.700. The random forest

model achieved average sensitivity, specificity, and accuracy

of 0.631 (range: 0.562–0.781), 0.713 (range: 0.504–0.901), and

0.703 (range: 0.536–0.862), respectively.

To evaluate the generalizability of the models, the test set and

two external validation sets were employed. The ROC curves for

the six machine learning models on the test set are shown in Fig-

ure 2. In the test set validation, the random forest model outper-

formed the others, achieving an AUC of 0.751 (95% confidence

interval [CI]: 0.692–0.820), with a sensitivity of 0.726 (95% CI:

0.631–0.821), specificity of 0.720 (95%CI: 0.681–0.764), and ac-

curacy of 0.721 (95% CI: 0.686–0.758) (Table 2). In the Shaoxing

external validation set, the light gradient boosting machine

(LGBM) model showed the highest AUC of 0.893 (95% CI:

0.808–0.968), followed by the random forest model with an

AUC of 0.827 (95% CI: 0.659–0.949). Similarly, in the Quzhou

external validation set, the LGBM model again demonstrated

the highest AUC at 0.743 (95%CI: 0.540–0.888), with the random

forest model ranking second with an AUC of 0.735 (95% CI:

0.595–0.860). DeLong analysis indicated no statistically signifi-

cant differences between these twomodels in the internal valida-

tion (p = 0.456), Shaoxing validation (p = 0.511), or Quzhou vali-

dation (p = 0.940). Due to the inherent dependence of samples in

5-fold cross-validation, DeLong analysis was not performed in

this context. Although the DeLong test showed no significant dif-
ferences between the models, we selected the random forest

model for SHAP analysis and sample size assessment due to

its robust and consistent performance across 5-fold cross-vali-

dation, internal validation, and external validation.

SHAP features
The SHAPanalysis results are presented in Figure 3. In the test set

validation, the top three SHAP features were the C-reactive pro-

tein-to-albumin ratio (CAR, SHAP value = 0.038), PNI (0.029),

and sex (0.028). In the Quzhou external validation, the top three

SHAP features were also CAR (0.033), sex (0.030), and PNI

(0.029). In the Shaoxing external validation, CAR (0.032) and sex

(0.028) were the top two features, with PNI (0.025) ranking fourth.

Given the important role of sex in KD, we performed a stratified

analysis to explore its impact further (Figure S1). The results

show that CAR and PNI consistently ranked as the twomost influ-

ential predictors and the ranking of the other indicators also did

not differ significantly between men and women.

Sample size assessment
We conducted a learning curve analysis for the random forest

model to assess whether the sample size used to construct

the model was adequate (Figure S2). The results showed that

the AUC increased significantly with the initial expansion of the

training set, up to 600 samples. Beyond this point, the AUC ex-

hibited minor fluctuations, initially decreasing slightly before sta-

bilizing. Notably, the difference in AUC between the 600-sample

training set and the final training set size was minimal, indicating

that the model’s performance had effectively stabilized.

Comparison with the previous predictive models
Todeterminewhether the constructed random forestmodel offers

an advantage over traditional scoring systems, we compared its

performance on the validation set with previous models. The

confusion matrices for each model are shown in Figure S3. The

random forestmodel (AUC = 0.751, 95%CI: 0.692–0.820) outper-

formed the Egami10 (AUC = 0.650), Kobayashi11 (AUC = 0.646),

Sano12 (AUC = 0.658), Formosa13 (AUC = 0.590), and Fu14

(AUC = 0.621) models (Table 3).

DISCUSSION

In this study, we conducted a multicenter investigation involving

2,154 patients with KD across three distinct centers to develop a
iScience 28, 112004, March 21, 2025 3



Figure 2. ROC curves of six machine

learning models in the test set

The horizontal axis indicates false-positive rate

(1 -specificity), and the vertical axis indicates true

positive rate (sensitivity). AUC is indicated at the

bottom. Abbreviations: AUC, area under the

receiver operating characteristic curve; XGBoost,

eXtreme gradient boosting; LGBM, light gradient

boosting machine; SVM, support vector ma-

chine; CatBoost, categorical boosting.
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machine learning-based model for predicting IVIG resistance.

The key findings of this study were as follows: (1) the machine

learning model, developed using a random forest algorithm,

demonstrated robust performance in identifying IVIG-resistant

patients among those with KD; and (2) CAR, PNI, and sex were

identified as critical predictors of IVIG resistance.

Historically, the prediction of IVIG resistance has relied on

traditional scoring systems based on a fixed set of predefined

variables. However, these conventional methods are often

limited by multicollinearity among variables, which can reduce

the accuracy and reliability of predictions. In contrast, machine

learning algorithms, with their ability to handle complex interac-

tions and select relevant features, offer a significant advantage

by effectively managing multicollinearity and capturing more

nuanced patterns that may be missed by traditional models. In

this study, we compared our machine learning model to previ-

ously established IVIG resistance scoring systems10–14 and

found that it exhibited significantly superior predictive capability.

This enhanced performance was consistent even when

compared to the Beijing scoring system, specifically designed

for Chinese populations, suggesting that the model’s superiority

is not due to population-based differences.

Moreover, we observed that patients from Wenzhou Hospital

exhibited a higher rate of IVIG resistance and elevated levels of

certain inflammatory markers, such as white blood cell count

(WBC), absoluteneutrophil count (ANC), and systemic immune-in-

flammatory index (SII). This may be attributable to Wenzhou Hos-

pital’s role as a specialized pediatric center, where more severe

cases are referred. Despite these differences in patient character-

istics, the machine learningmodel trained on theWenzhou cohort

demonstratedstrongpredictiveperformance in external validation

sets, further supporting its utility in diverse clinical settings.

We also compared our model to several existing IVIG resis-

tance predictive machine learning models.18–20 Among these,

only Kuniyoshi et al. employed K-fold cross-validation similar to
4 iScience 28, 112004, March 21, 2025
our study. Our model significantly outper-

formed their full-variable model (average

AUC = 0.711, range: 0.642–0.790 vs.

AUC = 0.58–0.60). While other models

were evaluated solely on their test sets,

our model’s AUC of 0.751 (95% CI:

0.692–0.820) surpassed Wang et al.’s

model (AUC = 0.742) but was marginally

lower than Sunaga et al.’s model (AUC =

0.78). However, test set performance

alone may lack stability, as data distribu-
tion can affect model outcomes. Notably, our hyperparameters

were determined based on 5-fold cross-validation of the training

set rather than the test set, as was done in some other studies.

Although this approach may reduce the AUC in the test set, it

helps prevent overfitting and provides a more reliable estimate

of the model’s performance on unseen data. External validation

with two independent cohorts further demonstrated the robust-

ness of our model.

Recent research highlights the importance of composited indi-

cators in predicting IVIG resistance,21–25 and in line with these

findings, our model incorporated several such indicators,

including CAR, PNI, NLR, and SII. Notably, SHAP analysis

consistently ranked CAR and PNI among the top three features,

further supporting their critical role. Additionally, sex was consis-

tently ranked among the top three features, a finding aligned with

previous randomized controlled trials in North America.26

Considering that sex is also an important demographic indicator,

we conducted a stratified analysis based on sex to further

analyze its effect on other predictor variables and validate the

reliability of the ranking of predictor variables for IVIG resistance.

The results suggest that CAR and PNI were the most effective

predictors for IVIG resistance in KD patients regardless of sex.

As KD is a form of vasculitis, the role of inflammatory biomarkers

in predicting IVIG resistance and coronary artery lesions (CALs)

has garnered significant attention. Previous studies have identi-

fied traditional inflammatory markers such as CRP, NEU%,

WBC, and ALB as independent predictors of IVIG resis-

tance.27–29 In our model, absolute lymphocyte count (ALC) and

CRP consistently ranked between 4th and 7th in SHAP plots,

underscoring their stable contribution to predictive accuracy.

As an important demographic indicator, no clear guideline

currently specifies which age group of children is more suscep-

tible to IVIG resistance. Some studies suggest that KD patients

under 12 months of age are more likely to develop CALs.30

Therefore, in our study, age is treated as a binary variable with
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12 months as the cutoff. Age is positioned at a moderate level in

the SHAP ranking. Previous studies have demonstrated that So-

dium (NA),11,31 aspartate aminotransferase (AST),11,12,31 alanine

aminotransferase (ALT),10,31 and total bilirubin (TBIL)12,31 are

closely associated with IVIG resistance. These variables exert

a moderate predictive influence on the model, similar to age.

However, markers such as WBC and ANC showed limited

impact, suggesting that their predictive significance in IVIG resis-

tance may have been overestimated.

It is important to note that while we developed several ma-

chine learning models using various algorithms, SHAP analysis

was conducted exclusively on the random forest model. Despite

its slightly lower performance in external validation compared to

the LGBMmodel, the random forest model demonstrated robust

and consistent results across both internal and external evalua-

tions. Conversely, although the LGBMmodel excelled in external

validation, it performed poorly in 5-fold cross-validation. Given

that the test set used for 5-fold cross-validation was significantly

larger than the external validation cohorts, we prioritized the

random forest model for SHAP analysis and comparison with

previousmodels. In terms of variable selection, the lack of estab-

lished guidelines for feature inclusion posed challenges in deter-

mining the optimal number of features. While more features can

enrich a model, excessive inclusion may hinder its clinical appli-

cability, and non-causal features could reduce predictive accu-

racy. To enhance reliability, we focused on objective indicators,

such as sex, age, and laboratory results, which were drawn from

prior research or established clinical practice, ensuring a strong

causal link to outcomes. Notably, all variables included in the

model are readily available in routine clinical practice, enhancing

its practicality and ease of implementation in diverse clinical

settings.

Limitations of the study
This study has limitations. First, the size of the external validation

set is relatively small, and further validation in larger, indepen-

dent cohorts is necessary to confirm the model’s effectiveness

in broader populations. Second, prospective studies are needed

to fully validate the performance of the random forest model.

Conclusions
The primary findings of this study are as follows. (1) We success-

fully developed an effective machine learning-based model to

predict IVIG resistance in KD patients. (2) CAR, PNI, and sex

were identified as key predictors of IVIG resistance in these pa-

tients. We anticipate that our model could be integrated into

electronic health record systems to provide clinical decision sup-

port in the near future. However, incorporating additional data,

such as genetic variants, could further enhance the predictive

power of the model.
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Figure 3. The 20 most important features for predicting

IVIG resistance of random forest model

(A–C) The top 20 features for the random forest model were

ranked. Blue indicates low values (or 0 for binary features that are

absent), while red represents high values (or 1 for binary features

that are present). Sex and age are represented as binary vari-

ables. Male is coded as 0 and female as 1. Age is coded as 0 for

patients aged 12 months or younger and 1 for those older than

12 months.
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Table 3. Comparison of previous scoring systems and our model in the test set

Models Study population AUC Sensitivity Specificity Accuracy

Egami Japan 0.650 0.488 0.811 0.765

Kobayashi Japan 0.646 0.476 0.815 0.767

Sano Japan 0.658 0.560 0.756 0.728

Formosa Taiwan, China 0.590 0.750 0.429 0.475

Fu Beijing, China 0.621 0.452 0.789 0.742

Random forest Wenzhou, China 0.751 0.726 0.720 0.721

AUC, area under the receiver operating characteristic curve.
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Data and code availability

The clinical data reported in this study cannot be deposited in a public repos-

itory because of ethical constraints. To request access to the data from the

machine learning set, contact the lead contact, Xiu-Feng Huang (hxfwzmc@

163.com). The code reported in this paper will be shared by the lead contact

upon request. Any additional information required to reanalyze the data re-

ported in this paper is available from the lead contact upon request.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Summary statistic data This study N/A

Software and algorithms

Python software version (version 3.12.0) Python Software Foundation https://www.python.org

Scikit-learn GitHub https://github.com/scikit-learn/scikit-learn
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The workflow of the study is presented in Figure 1. We utilized the Kawasaki disease (KD) database from Yuying Children’s Hospital,

affiliated with Wenzhou Medical University (hereafter referred to as Wenzhou Hospital), to construct the predictive model. Patient

data were extracted from the database for individuals admitted between January 2008 and October 2022. Inclusion criteria included:

(1) meeting the diagnostic criteria for KD established by the Japanese Circulation Society (JCS)32 (2) receiving IVIG treatment at a

dose of 2g/kg during the acute treatment period, and (3) availability of comprehensive clinical data and not having extreme biomarker

values (i.e., considered erroneous).

The studies involving human participants were reviewed and approved by the local ethics committee of Shaoxing Hospital, Quzhou

Hospital, and the Second Affiliated Hospital ofWenzhouMedical University and YuyingChildren’s Hospital.Written informed consent

from the participant’s legal guardian/next of kin was not required to participate in this study in accordance with the national legislation

and institutional requirements.

METHOD DETAILS

Data collection
We collected two demographic characteristics (sex and age), fourteen laboratory variables, and six composite variables from elec-

tronic medical records as features for the models (Table S6). These features were selected based on clinical expertise and findings

from previous studies. All laboratory variables were measured prior to IVIG infusion and included: white blood cell count (WBC), ab-

solute neutrophil count (ANC), absolute lymphocyte count (ALC), percentage of neutrophils (NEU%), percentage of lymphocytes (LY

%), eosinophil count (EO), platelet count (PLT), hemoglobin level (HB), C-reactive protein level (CRP), serum albumin level (ALB),

alanine aminotransferase level (ALT), aspartate aminotransferase level (AST), total bilirubin level (TBIL), and serum sodium level

(NA). Composite variables included the neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), C-reactive

protein-to-albumin ratio (CAR), aspartate aminotransferase-to-alanine aminotransferase ratio (AAR), systemic immune-inflammatory

index (SII), and prognostic nutritional index (PNI), derived from the aforementioned laboratory variables. Demographic characteristics

such as sex and age (categorized at 12 months) were treated as categorical variables. Additionally, medical notes detailing body

temperature, symptoms, and treatments were reviewed to confirm the diagnosis of KD and IVIG resistance.

Definition
Complete KD was defined as having the presence of at least four principal symptoms alongside persistent fever (R5 days), and

incomplete KD as having three principal manifestations in addition to persistent fever or two principal symptoms in addition to persis-

tent fever and CALs.32 IVIG-resistant was defined as KD patients with a persistent or recurrence of feverR38�C at any time from 36 h

to 2 weeks after initial IVIG treatment accompanied by one or more of the main symptoms.33 Coronary artery diameter exhibits

variations among different races.34 Thus, diagnostic criteria for CALs, tailored specifically for Chinese children, were adopted35–37:

coronary artery diameterR2.5 mm in patients aged 0-3 years old,R3.0 mm in patients aged 3-9 years old, andR3.5 mm in patients

aged older than 9 years.

Model construction and validation
The study design is shown in Figure 1. We used time series splitting to divide the machine learning set into the training set for con-

structingmodels and the test set for internal validation at a 7:3 ratio. Six machine learning algorithms, including the logistic regression

analysis with L2 regularization, random forest,38 Light Gradient Boosting Machine (LGBM),39 Support Vector Machine (SVM),40

eXtreme Gradient Boosting (XGBoost),41 and Categorical Boosting (CatBoost)42 were employed in the training set to construct

the model. The 5-fold cross-validation was used to optimize the hyperparameters of each model. The training set was split into 5

smaller sets. The model was trained using 4 sets (80% of the original dataset) and validated using the remaining set (20% of the
e1 iScience 28, 112004, March 21, 2025
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original dataset). This process was repeated 5 times, with each of the 5 sets serving as the validation set exactly once. The final

performance measure reported by the cross-validation is the average of the values computed in all 5 folds. The hyperparameter

that maximizes the average area under the receiver operating characteristic (ROC) curve (AUC) of 5-fold cross-validation was iden-

tified as the optimal hyperparameter. The maximized AUC of the models was used to evaluate the performance of each model. The

classification threshold corresponding to the maximum Youden index represents the optimal threshold. The sensitivity, specificity,

and accuracy of the models are determined based on the optimal threshold. The adequacy of the sample size for model construction

was evaluated using the learning curve. Keeping the optimal hyperparameters, the test set and two external validation sets were

employed to verify the models’ generalization ability.

Given the severe imbalance between IVIG-responsive and IVIG-resistant patients, we employed the Support Vector Machine

Synthetic Minority Over-sampling Technique(SVM-SMOTE),43 which enhances the effectiveness of oversampling in improving the

performance of machine learning models compared to SMOTE. The SHapley Additive exPlanations (SHAP) was a unified approach

for explaining the outcome of the machine learning model and was used to quantify and rank the importance of features.44–46 SHAP

values assess the significance of model output, where a higher SHAP value signifies a feature’s heightened impact and greater

importance within the model.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were performed using and Python software (version 3.12.0). Measurement data were expressed as medians

(P25-P75), while categorical data were represented as percentages. The Chi-square test or Fisher’s exact test was employed for

categorical variables, the independent two-sample t-test for normally distributed numerical variables, and the non-parametric

Mann-Whitney U test for non-normally distributed data. All tests were two-tailed, with a significance threshold of P < 0.05. Accuracy,

sensitivity, specificity, and AUC were used to evaluate model performance. For 5-fold cross-validation, results were expressed as

means and ranges. For test set validation and external validations, results were reported with 95% confidence intervals, obtained

via percentile distributions from 1000-fold bootstrap resampling of the validation partition. The DeLong test was used to compare

AUCs across different models.
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